In order to improve the positioning accuracy and reduce the impact of indoor complex environment on WiFi positioning results, an improved fusion positioning algorithm based on WiFi-pedestrian dead reckoning is proposed. The algorithm uses extended Kalman filter as the fusion positioning filter of WiFi-pedestrian dead reckoning. Aiming at the problem of WiFi signal strength fluctuation, Bayesian estimation matching algorithm based on K-nearest neighbor is proposed to reduce the impact of the dramatic change of received signal strength indicator value on the positioning result effectively. For the cumulative error problem in pedestrian dead reckoning positioning algorithm, a post-correction module is used to reduce the error. The experimental results show that the algorithm can improve the shortcomings of these two algorithms and control the positioning accuracy within 1.68 m.
Introduction
With the development of the times, people are increasingly demanding positioning technology. Constantly improving the accuracy of positioning has been a hot area of research. 1 Global Positioning System (GPS) is a typical representative of outdoor positioning. The widely used GPS has changed the way of outdoor vehicle and pedestrian navigation, while its performance may deteriorate dramatically in the underground or indoor environment due to the existence of serious signal blocking and complicated multipath fading, 2 China began to develop the Beidou satellite navigation system in 1994 independently. The Beidou satellite navigation system is superior than the GPS, especially in the message function. The message function is that two-way communication can be performed between the Beidou satellite service station and the user, but the GPS can only accept the information from satellites. 3 In the first half of this year, China has launched Beidou-3 satellite into space in the form of a double satellite arrow. The construction of Beidou Global Navigation System has taken a solid step. Today, outdoor positioning technology is steadily maturing. Various GPS-based outdoor navigation systems have been widely used to provide convenient services for everyday life. 4 Due to the deteriorated performance or even with no assistance to localization in structure-complex indoor environment, the GPS cannot provide high-enough localization accuracy for indoor location-based service (LBS). In this circumstance, there are many other available techniques selected as the candidate solutions to indoor localization, such as ZigBee technology, wireless local area network (WLAN) technology, machine learning, radio-frequency identification (RFID), infrared, and other technologies. 5 WiFi positioning technology is widely used because of its low cost, simple erection, and high accuracy. However, this technology has some drawbacks cannot be avoided. First, under the influence of non-line of sight (NLOS) transmission of WiFi signals and complex indoor environment in different environment, the effect of WiFi fingerprint positioning is not ideal. Second, the pedestrian's movement will affect the strength of the received WiFi signal. The fluctuation of the WiFi signal strength has a great influence on the positioning accuracy. 6 Therefore, how to adjust the fluctuation strength of signals is the primary problem to improve the positioning accuracy, and the single WiFi fingerprint positioning system cannot make the pedestrian's trajectory positioned accurately. So, in the process of WiFi positioning, filter system is addded to reduce the interference of other factors on the strength of WiFi signal, so as to reduce the impact of fluctuation of signal strength on positioning accuracy. 7 The pedestrian dead reckoning (PDR) positioning method uses the inertial sensor to measure the step size, acceleration, and heading angle to complete the track position estimation. However, with the passage of time, a large inertia accumulation error will occur. In order to solve the error problem of the single algorithm in the implementation process, many scholars propose a fusion positioning algorithm based on WiFi-PDR, which reduces the error caused by the two algorithms alone, but the fusion algorithm is different, and the algorithm's error value is also different. 8 They just improved the original algorithm, but at the meanwhile some have certain problems. These problems will be better solved with the continuous development of science and technology, in order to facilitate indoor positioning technology to better serve for the modern society.
Nowadays, there are more and more algorithms for indoor positioning technology, and the positioning accuracy is constantly improving. These algorithms have different advantages, but they also have their own limitations, so that a single technology cannot meet these challenges. 9 At present, the trend of indoor positioning technology development is to adopt the integration of multiple technologies in order to give full play to the advantages of a single technology and make up for each other's shortcomings, increasing the number of devices in wireless networks can result in high device density, therein presenting both opportunities and challenges simultaneously. 10 The Internet of Things (IoT) has gradually changed the way of people's lives due to its ability of connecting everything together, and meanwhile, the accurate location sensing plays a crucial role in achieving this goal. Up to now, the GPS has been widely used as one of the most representative outdoor localization systems, but its performance may be dramatically declined in indoor environment due to the serious multi-path effect and signal attenuation caused by the complicated indoor structure. 11 Its principle can be summarized as follows. First, it identifies the object attributes, which include static and dynamic attribute. 12 Static attribute can be stored directly in tags. Dynamic attribute needs to be detected by sensors in real time. Second, it needs to identify devices to read the object attribute and convert the information into data formats suitable for network transmission. 11 Then, the information of the object is transmitted to the information processing center through the network, and the related calculation of the object communication is completed by the processing center. 13 The processing center may be distributed, such as the computer or mobile phone, or it may be centralized, such as the Internet data center of the telecommunication operator. IoT is mainly used in medical, transportation, agriculture, and so on. 14 Among them, the most important is the application of indoor positioning. The development of IoT technology promotes the development of positioning technology and also provides well conditions for the development of indoor positioning technology. 15 Indoor positioning technology is the current research hotspot, and it is recognized by people because of its advantages in all aspects. 16 However, with the increasing popularity of smart phone applications, simple communication services have been unable to meet people's requirements. 17 As people's work and lifestyle continue to change, the functions of mobile terminals are also optimized and updated. In today's society, people's life and learning is more completed indoors, so research based on positioning service is also deepening. However, the traditional satellite positioning system is prone to signal attenuation or shielding in indoor condition. This leads to unsatisfactory positioning results on the basis of indoor positioning and IoT technology. The concept of smart city is put forward, and smart city is an effective method proposed to handle the above-mentioned city problems, in which the massive infrastructure components and services including transportation, energy, building, health care, education, real estate, and utilities can be effectively combined. 18 The high coincidence of the characteristics of the IoT and the smart city proves that the smart city is a platform for the centralized application of the IoT and a model for the integrated application of the IoT technology. 19 It is a larger demonstration project composed of N functional units of the IoT. It bears and contains almost all the related technologies of the IoT and cloud computing. Through sensing technology, we can realize the monitoring and overall perception of energy production, transportation, conversion and consumption in all aspects of urban management, real-time intelligent recognition, and stereo perception of urban energy situation. 20 
WiFi positioning and PDR positioning

Development status and main techniques of interior positioning
With the application and popularization of smart phones, its functions are gradually expanding and its performance is constantly improving. Now the rhythm of life changes, and also constantly the mobile phone function changes. At present, people's life learning is more done indoors, so research based on location services is also deepening. As a result, the positioning result is not ideal. Therefore, more indoor positioning technology is needed to meet people's requirements. In Du's paper, 21 an indoor PDR algorithm based on received signal strength indicator (RSSI) ranging and positioning is proposed. The step detection is based on dynamic window, peak detection, and zero-crossing method. 22 The advantage is that, it can improve the positioning accuracy and reduce the positioning error range. The amount of calculation is complex, and the implementation time of this algorithm is too long. In the literature, 23 the adaptive linear feedback process is added in the fusion algorithm, which also improves the positioning accuracy to some extent, but the change is neither obvious nor easy to achieve. 24 In Qin and Xin's paper, 23 the support vector machine (SVM) classification and regression analysis are combined into the WiFi positioning algorithm. The state transition is used to identify the walking cycle for the step counting, but the cumulative error of the PDR algorithm cannot be reduced. 23 In the literature, 25 an indoor positioning algorithm based on inertial measurement is proposed. By measuring the step size and acceleration of the movement to judge the movement state of pedestrians, the measurement of the step size and frequency is disturbed by external signals. 25 The measurements suffer from low precision, and the error area is expanded. Although the above literature improves the performance of a single positioning system through a fusion algorithm, there are still problems such as unreasonable WiFi matching weights and excessive PDR accumulation errors. The indoor positioning algorithm based on K-means clustering proposed in the literature 26 is proposed to reduce the computational complexity, but the clustering algorithm is too absolute and the result is not ideal. 26 Based on WiFi-PDR algorithm which puts forward the improved WiFi indoor positioning method, this article improves the matching algorithm based on the original K-nearest neighbor (KNN) algorithm, thereby reducing the amount of calculation, and then adding the weight to obtain the final WiFi positioning result. The result obtained by the WiFi positioning is used as the initial coordinates of the PDR positioning, and then the two results are fused by the Kalman filtering. 27 Finally, the final positioning result is output by the post-correction module, which can reduce the accumulated errors of PDR positioning while discarding the points whose errors exceed the positioning accuracy.
WiFi positioning algorithm and improvement
The WiFi positioning method adopted in this article is KNN algorithm. The principle of KNN algorithm is, first, the fingerprint database is established in the offline phase. 28 Several reference points are selected in the positioning area, and the signal strength and position information of the reference point are recorded. An AP anchor is placed in each of the four corners of the room, and the number of selected reference points is n, then the offline fingerprint library is stored in the form (x 1 , y 1 ; RSS 11 ; RSS 12 ; RSS 13 ; RSS 14 ) . (x n , y n ; RSS n1 ; RSS n2 ; RSS n3 ; RSS n4 ). In the online phase, by real-time acquisition of signal intensity at the undetermined point, the results obtained by the localization algorithm are matched and compared with the database, and then the position estimation at the undetermined point is obtained.
At present, the research on WiFi positioning technology mainly focuses on improving the positioning accuracy. The methods for enhancing the positioning accuracy are generally divided into two types, one is to change the positioning algorithm and the other is to filter the points in the fingerprint library to improve the fingerprint library. The accuracy of the fingerprint can narrow the error range of the positioning. If there are more points in the fingerprint database, the computation of the algorithm will be increased and the time consumption of the algorithm will be increased in the process of location. Therefore, it is necessary to filter and process these points in the fingerprint database. The implementation of KNN algorithm is to calculate the Euclidean distance between RSS samples measured in real time and RSS mean values corresponding to fingerprints in fingerprint database, and then find K fingerprints nearest to real-time sample signals. 29 Finally, the position coordinates of each fingerprint are averaged or weighted averaged and the position of the target to be measured is estimated. The formula for calculating the Euclidean distance is as follows:
where z represents the number of AP in the real scene and the number of AP selected in this article is 4. RSS i represents the signal intensity of the first point to be measured, while RSS i represents the average signal intensity of a total of k points to be measured in the fingerprint library. D stands for Euclidean distance, which is also called Euclidean metric. It is a widely used method to calculate distance in real life. Its basic meaning is the real distance between two points in m-dimensional space or the natural length of vectors between two points. The specific value is obtained by accumulating the square of the difference between the signal intensity value and the signal intensity average value of each point, and then the second root of the value is obtained, that is, the value of D. We usually discuss Euclid distance in twodimensional or three-dimensional cases as the real distance between highlights.
The principle of Bayesian estimation is that in the online positioning stage, the posterior probability p(L i jR) of the point can be calculated from the signal strength R(RSS 1 , RSS 2 , ., RSS n ) received at each reference point; then, according to Bayes' theorem, the formula is as follows
where p(L i jR) is the conditional probability of the location fingerprint sample R corresponding to the realtime RSS at a known location. p(L i ) is the prior probability at the location on the location area, the user has the same probability of appearing at all locations on the location area, and therefore, it is generally considered to be subjected to uniform distribution. In addition, the algorithm assumes that it is from an AP at a certain location. RSS is independent of each other and irrelevant. Finally, the point at which the posterior probability is the largest is the anchor point. The KNN algorithm is relatively simple to implement, but the accuracy is low and cannot meet the requirements of precise positioning. Bayesian estimation is also difficult to use because of the cumbersome calculation and large amount of data. Therefore, this article proposes a method that not only reduces the Bayesian calculation but also improves the KNN positioning accuracy. First, K location points with a small distance from the point to be fixed are selected by the KNN algorithm, and then the Bayesian estimation is used to calculate the matching probability of each point. The obtained matching probabilities are arranged in descending order, and these points whose probabilities are below the intermediate value are discarded. Then, the remaining points are weighted according to the Euclidean distance, and finally, the positioning result is obtained as
where D i is the Euclidean distance between the point to be measured and the data of the i neighbors.
PDR positioning algorithm
The principle of pedestrian track estimation is to use the initial position information and motion state of the pedestrian and to calculate the position, velocity, and direction angle at a certain moment according to the changing state of the walking direction and the position to complete the positioning. 30 In this article, the WiFi positioning result is the initial value of PDR positioning, which is recorded as (x t ,y t ), b is the step size at time t, and a t is the direction angle at time t, and then the position coordinates of the time t + 1. By analogy, the state information of each step can be obtained. It can be seen that the key of PDR algorithm is how to calculate the step frequency, length, and direction angle.
In this article, the peak detection method is used to detect the number of steps. 31 With the built-in accelerometer of smart phone, the three-axis accelerometer can be used to measure the accelerometer, which can better adapt to the change of the mobile phone at any time and position. In order to better restore the original signal, a low-profile finite impulse response (FIR) digital filter is added in the front of the algorithm to filter out interference noise and spikes. The cut-off frequency can be adjusted according to the actual situation. After smoothing the raw acceleration data, the algorithm will search for the peaks and troughs of the waveform to identify different steps. Two thresholds, ACC and TIME, are set to filter false peaks caused by acceleration jitter that are too small or too short in duration. For the step count detection, it is expected that a similar waveform will be repeated at every other step in consideration of the user's alternate left and right feet during normal walking. Based on this feature, we design a dynamic time warping (DTW) verification algorithm to determine whether the steps detected by peak value are real steps. DTW verification works as follows: 32 assume that peak detection produces a series of detected steps [P 1 , P 2 , ., P n ]. Then, for P i (i \ n), the DTW distance between P i and P iÀ2 is calculated. If P i is below a given threshold, both P i and P iÀ2 are considered to be actual steps. Otherwise, after calculating the distance between P i + 2 and P i , when P i has another chance to be verified, P i will be temporarily marked as false until P i + 2 . The distance is calculated on the normalized accelerometer waveform to reduce the effect of the amplitude.
The step detection has a great influence on the accuracy of PDR positioning. The traditional step calculation method is based on the linear model. The coefficients in the linear model are obtained through offline learning. 33, 34 However, the training samples do not take the differences between many individuals into account, so the scope of application is limited. In this article, a non-linear model is used to estimate the step size. The formula is as follows
where ACC max and ACC min are the maximum and minimum values of acceleration, respectively, and K is the coefficient. In order to get a better positioning result, it is necessary to measure K value several times, and achieve the best K value by analyzing and comparing different samples. A common feature often found in most buildings is that buildings are constructed in a manner similar to squares or rectangles, or both. Moreover, the rooms and corridors inside these buildings tend to be aligned with the exterior of the building. 35, 36 Although not all buildings are constructed in this way, many buildings are like this. Therefore, most people walking in such buildings are restricted to only follow this characteristic. Therefore, in the PDR algorithm, we make the following provisions: suppose the heading angle of the pedestrian at time t is Y t and the heading angle at time t2 1 is Y tÀ1 , set the heading angle threshold to Y and the heading angle variation d, if
It is considered that there is no change in the walking direction, and the pedestrian walks in a straight line. If d . Y, the pedestrian heading is considered to be in the same direction as the building.
Extended Kalman filter-based fusion positioning algorithm
Principle of extended Kalman filter algorithm
Because the system model in this article is non-linear, extended Kalman filter (EKF) is used for processing. The core idea of EKF is to linearize the non-linear system and then perform Kalman filtering. EKF is a suboptimal filter. 37, 38 Subsequently, the proposed application of a variety of second-order generalized Kalman filtering methods further improves the estimation performance of Kalman filtering for non-linear systems. The second-order filtering method considers the quadratic term of Taylor series expansion, thus reducing the estimation error caused by linearization, but the amount of computation is greatly increased. Therefore, the first-order EKF is not widely used in practice. In summary, the first order of state estimates for non-linear models is to be obtained. 39, 40 Taylor expands and applies the linear Kalman recursion formula. Thus, the local optimal solution is obtained. The EKF algorithm flow is as follows: 41 set the state equation and measurement equation of the non-linear system to
and
The non-linear function g(X kÀ1 , U kÀ1 ) is expanded around the filtered valueX k by Taylor series, and the second order or higher is omitted
Expanded to
then the formula can be converted to
in the same way
Fusion algorithm and post-correction module
The EKF fusion algorithm flow is shown in Figure 1 . The WiFi positioning result is used to set the initial value of the filter start value and PDR positioning. Gait detection is used to judge whether the pedestrian walks one step according to the acceleration, and the orientation is obtained according to the gyroscope, the direction sensor, and the map information. When the pedestrian completes the one-step walking action, the WiFi processing module is notified by the synchronization control module to perform the WiFi positioning solution, the iterative calculation of the measurement update, and the status update is started. In the postcorrection module, the input information is the positioning result obtained by fusion, and then the matching probability of this point is calculated using Bayesian algorithm. If the matching probability is higher than the maximum matching probability of WiFi positioning alone, the fusion positioning result is the final positioning result. If the matching probability is lower than the maximum matching probability of WiFi location, the positioning result shall be saved first and the secondary positioning should be carried out. If the secondary positioning result is higher than the maximum probability, it shall be the final result, otherwise, the mean value of this result and last saved result shall be taken as the final result. The maximum matching probability is the maximum posterior probability. According to the posterior probability formula, we need to know the signal strength of the location point and the prior probability of the point. The prior probability generally obeys the uniform distribution. In the post-correction module, the result of fusion positioning is input. After obtaining the fixed-point coordinates, the corresponding K points with the smallest Euclidean distance are found in the fingerprint database. These K points have corresponding RSS values in the fingerprint database, and the point with the smallest Euclidean distance is found. The signal intensity value of fusion position is replaced by its RSS value, and the fusion position is calculated by Bayesian formula. Posterior probability is the matching probability. The positioning flow chart is shown in Figure 1 .
Experimental results and analysis
In the choice of experimental scenes, relatively open indoor is helpful for the comparison and observation of experimental results. The placement of indoor APs is also an important factor affecting the experimental results. After comparison, the first floor of the main building is selected as the experimental environment for indoor positioning, and the position of the wireless AP is shown in Figure 2 . The OPPO R7 mobile phone is selected as the acquisition tool of WiFi signal strength and PDR data, and the positioning algorithm proposed in this article is used for experiments. In the course of the experiment, in order to prevent errors caused by signal interference, the data in the experimental scene should be measured and collected multiple times.
Comparing the traditional KNN algorithm with the improved KNN algorithm through experiments, the cumulative error chart is drawn. As can be seen from Figure 3 , the cumulative probability of the improved algorithm within 1 m is about 46%, which is about 5% higher than the traditional algorithm. The cumulative error probability within 1.5 m is greater than the original algorithm, and the cumulative probability of the improved algorithm within 2 m can reach 90%. It can be seen that the improved algorithm is lower than the traditional algorithm in terms of average error and maximum error, and the positioning accuracy is significantly improved.
It can be seen from Figures 3 and 4 that the KNN algorithm has a large error, and the degree of fluctuation of the data is large, which is not conducive to improve the accuracy of indoor positioning. Although the new algorithm improves the positioning accuracy to a certain extent, it is not enough to meet the actual needs of life. Therefore, the concept of fusion algorithm is proposed to further improve the positioning accuracy. The accuracy of the algorithm highlights the fusion positioning algorithm based on WiFi and PDR and deals with the problems encountered in the implementation of the positioning system and analyzes the algorithm error. Figure 5 shows the location trajectory obtained using three algorithms, respectively. The first curve represents the actual walking path of pedestrians. The second curve represents the estimated path obtained by a separate WiFi localization algorithm. The third curve represents the location result of a separate PDR algorithm. The fourth curve represents the experimental results of the improved fusion localization algorithm. It can be seen from the figure that the error of WiFi positioning is higher than that of the other two algorithms. This is because the change in signal strength has a great influence on the positioning result, and the signal grab is easily affected by environmental factors, so there is a lot of volatility. The PDR positioning algorithm has little difference with the precision of the fusion correction algorithm at the beginning, and as time goes by, the cumulative error of the PDR algorithm gets larger and larger, and the precision gradually decreases. By correcting the localization result, the fusion localization algorithm can control the error within 1.5 m, which greatly improves the localization result.
For a clearer analysis of the error, we plot Figure 6 . In this figure, the error of using the WiFi algorithm alone is large, the maximum error is nearly 4 m, and the cumulative error reaches 1 corresponding error distance that is larger than the other two algorithms, and the effect is not satisfactory. The second line is the error of PDR algorithm used alone. Since the PDR algorithm is a process of speculative estimation, the error of the PDR algorithm will become larger and larger with time, which is similar to the multiple use of rounding in the calculation process. When the process is used many times, there will be a large difference between the calculation result and the real result. The third line describes the cumulative error of the fusion algorithm. The result of WiFi positioning is used to initialize the PDR algorithm, which avoids the excessive accumulation error of the PDR algorithm, also improves the accuracy of the single WiFi algorithm to a certain extent. The error accumulation probability of the fusion algorithm is smaller than the distance corresponding to the other two algorithms. It can be clearly seen that the fusion algorithm is superior to the accuracy of the WiFi and PDR algorithms alone in the accuracy and error range of the positioning.
Finally, comparing the maximum, minimum, and average error values of the fusion algorithm with other algorithms, the minimum error of the PDR algorithm and the fusion algorithm is similar in three ways, but the maximum and the average errors are different, they are all higher than the fusion algorithm, and the cumulative error of the PDR algorithm is gradually increased, and the maximum has exceeded 2.5 m. However, the maximum error of the fusion positioning algorithm is controlled within 2 m, and the average error is about 1.39 m. It is shown that the improved fusion algorithm outperforms the results of the two algorithms alone in the error range, and the improved algorithm can suppress the occurrence of large errors to some extent.
The histograms of three error numerical comparisons are drawn. First, the maximum error of one algorithm is analyzed separately, and then the error values of three algorithms are compared and analyzed. The effect of the improved algorithm is observed by the difference in the errors between the algorithms.
Then, the maximum, minimum, and average error of the three algorithms are compared. As can be seen from Figures 7-9 , the difference between the three algorithms in the minimum error is not obvious. The minimum error of the WiFi algorithm is slightly higher than the error of the PDR algorithm alone and the error of the fusion algorithm. However, at the maximum value of the error, the maximum error of the single WiFi algorithm and the PDR algorithm is significantly higher than the error of the fusion algorithm, wherein the maximum error of the WiFi algorithm is higher than the maximum value of the fusion algorithm about 1.3, and the maximum error of the PDR algorithm is about 1 m higher than the fusion algorithm. In terms of average error, the error of the fusion algorithm is also lower than that caused by the other two algorithms alone. The error mean of the fusion algorithm is about 0.5 m lower than the average error of the WiFi algorithm and 0.3 m lower than the average error of the PDR algorithm. It can be seen that the three errors have been improved in numerical value.
In order to compare the errors of the three algorithms more clearly, the maximum and average errors of the three algorithms are drawn together. As shown in Figure 10 , it can be seen that the fusion algorithm is lower than the other two algorithms in three values, and the positioning accuracy is obviously improved. The difficulty in implementation and the running time of the improved algorithm are obviously ameliorated, which is the result that the other two algorithms cannot surpass when they are used alone. Kalman filtering algorithm can get local optimal solution, which can improve positioning results significantly.
Conclusion
Smart city construction should embody the peopleoriented development concept and solve the problems faced by cities using modern science and technology development and information technology. To improve the accuracy of positioning, this article proposes an indoor positioning algorithm based on WiFi and PDR fusion, which not only solves the problem of large fluctuation of WiFi signal strength and environmental impact but aslo reduces the cumulative error of PDR algorithm to some extent. In order to reduce the influence of signal fluctuation on the indoor positioning accuracy, first, the signal intensity is filtered, and then the points which are too different from the average strength are filtered out to reduce the positioning error. It can also reduce the amount of calculation in the process of establishing fingerprint database.
In the process of realizing the positioning system, KNN algorithm is used to filter the points needed for positioning, which further simplifies the calculation. In this article, Bayesian algorithm served as filter to those points with high probability of matching, which improves the positioning accuracy of WiFi. The way of PDR is accomplished by measuring the step size, stride, and direction angle base on smart phones. Finally, the fusion of the two algorithms is completed by EKF, and the final location result is output by the post-correction module. It is shown in experimental verification that the positioning error can be reduced and the positioning accuracy can be improved to a smaller scope. This article makes use of the built-in device of the smart phone to determine the step size, frequency, and direction angle of pedestrians. However, as pedestrians carry smart phones in different ways, the detection result will inevitably be affected. In actual life, when people walking, their mobile phones are placed in the pocket, or are calling, sending, and receiving text messages. Different placement methods have diverse effects on the direction of pedestrian walking, and moreover results in another detection result. The placement of these mobile phones will make a deviation between the direction of mobile phones and the direction of pedestrians walking. How to reduce the influence of this deviation to meet the positioning requirements under different phones placement conditions is a problem that needs to be solved in the future.
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